valuable to many of the stakeholders in the US health care system. For patients and caregivers, prognostic information is needed to inform clinical decision making. 1 For example, patients with limited life expectancy may benefit more from advance care planning and discussions on the goals of care. 2, 3 Older patients with better than average life expectancy may be more likely to benefit from cancer screening since recent guidelines suggest clinicians target screening in the elderly to those with life expectancies greater than 5 years. [4] [5] [6] For policymakers, prognostic information is essential when comparing the quality of care between different health care organizations, such as hospitals and insurance plans. Accurate risk adjustment levels the playing field by accounting for the differences in health status of the underlying populations making fair comparisons between health care organizations possible. Finally, prognostic information is essential for epidemiological studies. 7 Observational studies require accurate risk adjustment so that baseline differences do not confound the relationship between the risk factor of interest and the outcome.
Despite the clinical, policy, and epidemiological importance of prognostic information, there are few prognostic indexes that can easily be used in large segments of the population. Many have focused on specific segments of the population such as hospitalized elders [8] [9] [10] or veterans. 11 Other indexes have focused on single domains of risk, such as comorbidity 12 or function. 13, 14 Finally, some indexes require laboratory or performance testing, which is costly, time-intensive, and not always available. 8, 15 To address these issues, we developed and validated a 4-year mortality prediction index from a representative sample of the US population older than 50 years. We considered and combined demographic, comorbidity, behavioral, and functional predictors into our final index. To maximize the usability of the index in a variety of settings, we relied solely on patient report. Our goal was to develop a single prognostic index that could be used for community-dwelling individuals older than 50 years for clinical, health policy, and epidemiological purposes.
METHODS

Participants
We studied community-dwelling participants interviewed in 1998 as part of the Health and Retirement Survey (HRS), which was initiated in 1992 and was expanded in 1998 to become a representative sample of all persons in the contiguous United States older than 50 years. 16, 17 Data were collected primarily through telephone interviews, with an overall response rate of 81%.
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A total of 20 447 persons were enrolled in HRS in 1998. We excluded 429 of those residing in nursing homes and 308 whose vital status could not be determined in 2002. This yielded a final sample size of 19 710. Of this final sample, 2433 individuals died by 2002. We developed the model from the eastern, western, and central regions of the country (n=11 701) with a total of 1361 deaths. We then validated the model in participants from the southern region (n = 8009), which included 1072 deaths. 8, 13, 19 We chose our validation cohort to be geographically distinct from our development cohort to test our model's geographic transportability as well as our model's accuracy.
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Measures
The outcome of interest was death by December 31, 2002 . We assessed mortality using the HRS follow-up procedures, which entailed cross-referencing HRS information with the National Center for Health Statistics National Death Index to determine vital status. 20 We considered 3 classes of variables as potential predictors of mortality: demographic variables, behavior and comorbidity variables, and functional status variables. In the demographic category, we examined sex and age. The relationship between age and mortality was exponential, with an additional year of age providing more mortality risk among older individuals. However, we found that categorizing age into 5-year intervals up to age 85 years resulted in a model that was easier to interpret than the exponential model with minimal losses in discrimination (c statistic 0.819 vs 0.823). When categorized, the 2 youngest age groups had similar mortality. Thus, these groups were combined to form 1 reference age group (50-59 years).
We considered a total of 18 behavioral and comorbidity variables: current tobacco use, alcohol use, hypertension, diabetes mellitus, non-skin cancers, chronic lung disease, heart failure, other heart problems, stroke, psychiatric disease, memory-related disease, arthritis, history of falls, history of pain, incontinence, visual or hearing impairment, and body mass index (BMI) of less than 25. (Body mass index is calculated as weight in kilograms divided by the square of height in meters.) We dichotomized BMI because our multivariate analysis showed that when other variables were considered, more extreme values of BMI did not improve the performance of our model. Disease status was determined by asking participants, "Have you ever had or has a doctor told you that you have/had X?" Initially some comorbidity variables were coded to represent the severity of disease. However, all variables were ultimately dichotomized into disease present and disease absent categories when multivariate analysis showed that severity levels did not yield significantly different risks of mortality. Participants were asked to self-identify their race with the question, "Do you consider yourself to be primarily white or Caucasian, black or African American, American Indian, Asian, Hispanic or Latino, or something else?" We combined American Indian, Asian, and other categories into "Other" due to the small numbers in those categories. We considerd all participants who self-identified as Hispanic to be Hispanic regardless of whether they also identified as white, black, or other.
Participants were asked whether they had difficulty with 21 functional measures. These included 6 activities of daily living (bathing, dressing, toileting, eating, transferring, and walking across the room); 5 instrumental activities of daily living (shopping, preparing meals, using the telephone, managing medications, and managing finances); and 10 other functional variables derived from the Rosow-Breslau Functional Health Scale and the Nagi Index 21-23 (getting up from a chair; walking several blocks; pushing or pulling heavy objects; climbing a flight of stairs; stooping, kneeling, or crouching; picking up a dime; reaching above one's shoulders; lifting 10 lb; using a map; and vigorous physical activity). These functional domains have been shown in previous studies to be important predictors of institutional care and death. 9, 13, 14 In developing our model, we did not consider some variables that, although associated with mortality, could have reduced the generalizability or usability of our index. Specifically, we did not include race or socioeconomic status because their association with mortality may be due, at least in part, to lower quality of care. Since risk adjustment indexes are often used to measure quality of care, including race and socioeconomic status would have precluded the use of our model for risk adjustment. 7 We also did not include the number of hospitalizations and surgeries because of marked regional variability in these rates among patients with similar disease severity.
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Statistical Analysis
Using mortality as the dichotomous outcome variable, we measured the bivariable relationship between each of the 41 risk factors and mortality within the development cohort. Because all pro-posed variables were significant predictors of mortality in the bivariable analysis, all variables were analyzed using multivariable logistic regression. We used backward elimination (PϽ.05 to retain) to determine which variables remained independent predictors of mortality. This process yielded a model with 19 independent risk factors for mortality.
Because of our large sample size, many predictors were found to be significantly associated with mortality but only marginally improved the predictive accuracy of the model. To simplify the model further, while minimizing losses in predictive ability, we subjected all remaining predictors to further selection with the Schwarz Bayesian Information Criterion (BIC). 25, 26 The BIC penalizes the log likelihood of a model (a measure of its fit) by a factor related to the number of predictor variables in the model (a measure of its complexity). This provides an objective way of assessing whether the improved fit provided by an additional variable is justified by the added complexity of the model. 26 Applying the BIC criteria to our model yielded the final model with 12 predictor variables.
To test the stability of our final model, we tried alternate methods to determine whether the resultant model would differ from our original final model. First, we used forward and bidirectional selection techniques instead of backward selection. These alternative strategies resulted in differences of a few variables at the early modeling stages, but these different variables were eliminated in the BIC selection step leading to the same final model. Second, we bypassed the backward elimination steps, subjecting all 41 of the initial variables to BIC selection. This also resulted in the same final 12-variable model. Third, we derived the model in stages, in which the functional variables were initially modeled separately from the comorbidity variables. The resultant submodels were then merged into single model, which was then subjected to BIC selection. This staged approach is an accepted method of variable reduction and has been used successfully in the development of many previous prognostic indexes. 9, 13, [27] [28] [29] After the BIC selection step, this staged approach resulted in the same final 12-variable model. Fourth, prespecified interactions between age and other predictors were checked, and these terms were also eliminated in the stepwise se- lection and BIC selection processes, leading to the same final model. 30 Fifth, 6 collinear predictor variable pairs were identified. However, replacement of the selected variable with the collinear variable resulted in a poorer fit in every case. Thus, we reverted back to our original 12-predictor model. Sixth, we used the number of comorbid conditions in place of the individual comorbidities and found the resultant model to be slightly less accurate. The final model was checked using the Hosmer-Lemeshow goodness-of-fit test with 10 groups, which showed the absence of a gross lack of fit (P=.27).
To determine the performance of our index across age groups, we applied our index to 3 age subgroups. We attempted to maintain a similar number of deaths in each subgroup, which resulted in our youngest subgroup having many more participants than our older subgroups. To maximize power, we combined the development and validation cohorts for this analysis. We also dropped age as a predictor in our point score for this analysis because age was used to divide our sample.
We assessed the predictive accuracy of the final model by looking at the 2 components of accuracy: calibration and discrimination. Calibration of the model was assessed by comparing the predicted mortality with the actual mortality in the development and validation cohorts. The discrimination of the model was assessed by calculating the receiver operating characteristic (ROC) curves for the development and validation cohorts.
We describe the results of our final model in 2 ways. First, we determined the predicted risk for each participant using the coefficients from the final logistic regression model. We then divided the sample into quartiles of risk and compared the mortality rates in the development and validation cohorts. Second, a point-based risk scoring system was developed in which points were assigned to each risk factor by dividing each ␤ coefficient by the lowest ␤ coefficient (ability to push or pull heavy objects) and rounding to the nearest integer. A risk score was assigned to each participant by summing the points for each risk factor present. 8, 30 We compared the mortality rates by point score in the development and validation cohorts.
The Human Subjects Committee of the University of California, San Francisco, and the San Francisco Veterans Affairs Research and Development Committee approved this study. All statistical analyses were performed using Intercooled Stata software version 8.2 (Stata Corporation, College Station, Tex).
RESULTS
Characteristics of the Participants
The mean (SD) age of participants in the development cohort was 67 (10) years. Fifty-seven percent were women, 81% were white, and 10% were black. Twenty-five percent reported completing less than a high school education. Sixteen percent reported difficulty in 1 or more activities of daily living and 12% reported difficulty in at least 1 instrumental activities of daily living (TABLE 1). During 4-year follow-up, 1361 participants (12%) died, leading to a total of 40 471 person-years of observation. The mean (SD) age of participants in the validation cohort was 67 (10) years. Fifty-six percent were women, 71% were white, and 19% were black. Thirty-four percent reported completing less than a high school education. Eighteen percent reported difficulty in 1 or more activities of daily living and 16% reported difficulty in at least 1 instrumental activities of daily living (Table 1) . During 4-year follow-up, 1072 participants (13%) died, leading to a total of 27 647 person-years of observation.
Bivariable Results
All risk factors were associated with 4-year mortality in the bivariable analyses (PϽ.05; TABLE 2). Age was the most powerful predictor of mortality, yielding an ROC area of 0.75 in the development cohort.
Multivariable Results
Because all 41 proposed predictor variables were significant predictors of mortality in the bivariable analysis, all variables were entered into a multivariable logistic regression using stepwise backward selection. This resulted in 19 variables remaining as significant predictors of mortality. Application of the BIC criteria to this model resulted in a final model of 12 independent predictors with only a small loss in discrimination, as seen by the minimal drop in ROC curve area between the 19-term model (ROC area = 0.85) vs the 12-term model (ROC area=0.84).
The final model with 12 predictors included 2 measures of demographics (age and sex), 6 measures of comorbidities and behaviors (diabetes mellitus, cancer, chronic lung disease, heart failure, current tobacco use, and BMI Ͻ25), and 4 measures of functional difficulty (bathing, walking several blocks, managing finances, and pushing or pulling heavy objects; TABLE 3). Former tobacco use was not independently associated with mortality after adjustment for comorbid conditions and functional measures.
Risk Stratification by Quartiles
When divided into quartiles of risk, the 4-year mortality ranged from 1% in the lowest-risk quartile to 33% in the highest-risk quartile in the development cohort and 2% to 34% in the validation cohort (TABLE 4). The calibration of the model was good, with close agreement between the observed mortality in the development and validation cohorts. The discrimination of the model was also good, with an ROC area of 0.82 in the development cohort and 0.84 in the validation cohort.
Risk Stratification by Points
The points assigned to each of the final 12 predictor variables are listed in Table 3 . A risk score was calculated for each participant by adding the points for each risk factor present. For example, a 78-year-old (3 points) nonsmoking (0 points) woman (0 points) with a BMI of 28 (0 points) with diabetes (1 point) and difficulty managing finances ( The point score effectively divided the cohort into groups at varying risk of 4-year mortality. In the development group, the mortality risk ranged from 3% in those with 0 to 5 points, 15% in those with 6 to 9 points, 40% in those with 10 to 13 points, and 67% in those with 14 or more points. In the validation cohort, the mortality risk ranged from 4% in those with 0 to 5 points, 15% in those with 6 to 9 points, 42% in those with 10 to 13 points, and 64% in those with 14 or more points (Table 4 ). The pointbased model showed excellent discrimination, with a c statistic of 0.84 in the development cohort and 0.82 in the validation cohort. Translating our risk model into a point-based index resulted in very small losses in discrimination (c statistic of 0.819 vs 0.817). The model was also well calibrated with close Pushing/pulling heavy objects
Abbreviation: BMI, body mass index, which is calculated as weight in kilograms divided by the square of height in meters; CI, confidence interval; OR, odds ratio. *Each OR was adjusted for the other risk factors in the table.
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Risk Stratification in Special Populations
When the point score (excluding the points assigned to age) was evaluated in different age groups, we found that our index discriminated well in all 3 of the age subgroups, with c statistics ranging from 0.77 to 0.72 (FIGURE) . The c statistic in the validation cohort with the point-based model was 0.79 among black participants vs 0.84 among whites. Similarly, those with less than a high school education had a c statistic of 0.80 vs 0.83 for those with a high school diploma.
COMMENT
We developed and validated a prognostic index that can be used in the clinical setting to stratify patients 50 years or older into high-, intermediate-, and low-risk groups for 4-year mortality. Our index is easy to use and can be obtained in a few minutes with an interview or intake form (BOX), with no need for medical record review or laboratory testing. Our index shows good calibration, as seen by the similar mortality rates in the development and validation cohorts, and good discrimination, as seen by a c statistic of 0.84 in the development cohort and 0.82 in the validation cohort. As seen from our subgroup analysis, our index appears valid in the entire population of individuals older than 50 years, as well as among black individuals and those with less than a high school education. Our index is parsimonious without significant losses in discriminative ability: the c statistic using all 41 candidate variables is 0.847, whereas the c statistic of the 12 variable model is 0.842.
Our prognostic index demonstrates the importance of considering both the presence of disease and functional status in prognostic systems. We found that models considering both disease status and functional status perform better than models considering just 1 of these domains. Measures of function are particularly useful in prognostic systems because they reflect the severity and end consequence of disease. 31 Thus, comorbid conditions and function are markers at different points along the trajectory of frailty. We believe that the inclusion of functional measures is the reason that our index discrimination compares favorably with other widely used prognostic indexes, such as the Charlson-Deyo (0.60-0.78) 32, 33 and Framingham (0.77-0.74). 34 Our index has several potential uses in clinical, policy, and research settings. In clinical settings, our index may be useful in identifying both high-and low-risk patients so that specific interventions can be targeted to each group. Because the benefits of cancer screening are not realized for 5 years, recent cancer screening guidelines call for targeting screening to individuals with a life expectancy of more than 5 years. [4] [5] [6] 35 Our index may be useful in identifying older low-risk patients who may benefit from screening as well as identifying younger high-risk patients for whom the benefits of screening are outweighed by the harms. For example, a 75-year-old male smoker with heart failure, difficulty bathing, walking, and managing finances may not be an appropriate candidate for colorectal cancer screening because his probability of 4-year mortality is greater than 64% (16 points). On the other hand, an 85-year-old woman with no major comorbid conditions and excellent functional status has a high probability of surviving 4 years and would be a good candidate for screening despite her advanced age. In addition, our index may be useful in identifying patients with whom advance directives would be especially important to discuss.
Our index may also be useful when risk adjustment is needed to compare the patient outcomes among different health care organizations. Currently there is much interest at the federal, 36-38 state, 39, 40 and private 41 levels in evaluating care organizations through patient outcomes. As these efforts proceed, accurate methods of risk adjustment are needed to avoid penalizing clinicians and organizations that care for sicker patients.
Finally, our index may be useful in epidemiological studies that examine the impact of exposures and treatments on mortality. A primary concern in observational studies is baseline differences between groups, making any difference at the end of the study difficult to interpret. For example, the results of ran- 
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domized trials of postmenopausal estrogen therapy suggest that the initial observational studies were biased because the treated participants were healthier before treatment than the untreated participants. 42 More thorough risk adjustment of these observational studies may have led researchers to the correct conclusion and prevented harmful estrogen exposure in many women. 43 Although risk adjustment is used extensively in research, prognostic indexes have made little headway into routine clinical practice. 44 The reasons for this are numerous but include competing demands on the physician's memory and difficulty in collecting all necessary information for an index. We attempted to maximize the usability of our index by addressing these issues. First, to minimize demands on physician memory, we made our index as simple as possible. Unlike previous indexes, we used a more stringent criterion than statistical significance to select our predictor variables. 8, 11, 13, 15 By using the BIC, we were able to remove variables that were statistically significant but contributed little to our predictive accuracy. Second, we limited our predictor variables to information that would be readily available through patient report. Although it is possible that clinical evaluation and observation may be a more objective measure of comorbidity and function, there is strong evidence that patient report of both comorbidity and functional status is reliable and has predictive validity. 45, 46 Given the high time costs for chart review and laboratory testing, our reliance on patient report will make our index easier to use across a variety of care settings while compromising little in terms of reliability and accuracy.
Our mortality index has several limitations. Since our index focused on community-dwelling older adults, it is likely that our index will not be applicable to nursing home and other institutional populations. Since the participants were predominantly white with a high school education, our model's accuracy and discrimination are slightly less for black individuals and those with less than high school education. Finally, because this was a communitydwelling sample, which included participants as young as 50 years, our cohort was generally healthy. In a sicker cohort, the ideal model would likely include other predictor variables that capture the severity of comorbidity and functional impairment.
In summary, our index provides a potentially useful tool to estimate the 4-year mortality risk in community-dwelling older adults in the United States. Our index relies on 12 variables, which are available by patient report in a variety of care and research settings. The index had good discrimination and calibration and was successfully validated in a geographically distinct cohort. These characteristics suggest that our index may be useful for clinical, policy, and epidemiological applications.
